DNA replication is a stochastic process with replication forks emanating from multiple replication origins. The origins must be licenced in G1, and the replisome activated at licenced origins in order to generate bi-directional replication forks in S-phase. Differential firing times lead to origin interference, where a replication fork from an origin can replicate through and inactivate neighbouring origins (origin obscuring). We developed a Bayesian algorithm to characterize origin firing statistics from Okazaki fragment (OF) sequencing data. Our algorithm infers the distributions of firing times and the licencing probabilities for three consecutive origins. We demonstrate that our algorithm can distinguish partial origin licencing and origin obscuring in OF sequencing data from Saccharomyces cerevisiae and human cell types. We used our method to analyse the decreased origin efficiency under loss of Rat1 activity in S. cerevisiae, demonstrating that both reduced licencing and increased obscuring contribute. Moreover, we show that robust analysis is possible using only local data (across three neighbouring origins), and analysis of the whole chromosome is not required. Our algorithm utilizes an approximate likelihood and a reversible jump sampling technique, a methodology that can be extended to analysis of other mechanistic processes measurable through Next Generation Sequencing data.
INTRODUCTION
In eukaryotes, replication of DNA is achieved by establishment of multiple bi-directional replication forks at genomic sites called replication origins (1, 2) . In order to ensure that the genome is replicated once and only once per cell cycle, a two-step process takes place. First, the pre-replicative complex (Pre-RC), which contains the origin recognition complex and minichromosome maintenance (MCM) helicases is loaded onto origins during G1 phase. This is referred to as origin licencing and is temporally restricted to the G1 phase. During S-phase, when Pre-RC formation is no longer permitted, the Pre-RCs are activated through the action of cyclin-dependent kinases. It is estimated that many origins are licenced during each G1 phase, and only a fraction (approximately one-fourth) of these licenced origins are activated in S-phase (3, 4) .
The DNA replication machinery is relatively well understood in Saccharomyces cerevisiae and has been reconstituted in vitro, (5) where replication kinetics were similar to those of in vivo replication rates (6) . Despite our understanding of the DNA replication machinery, our understanding of its regulation and kinetic control in vivo is sparse. Replication origin activation (firing) is a highly regulated but stochastic process. Replication occurs in replication domains with similar replication timing, giving rise to origin clustering (7, 8) . A number of factors have been reported to control firing time; in budding yeast this includes (2) chromosome location, in particular proximity to centromeres (early) and telomeres (late), local chromatin organization, the number of loaded MCMs during licencing (9) and proximal recruitment of activating or inhibitory factors, e.g. (10, 11) . Following activation, replication forks are proposed to move away from the origin at on average constant speeds (12) . In particular, it has been proposed that forks emanating from neighbouring origins have similar speeds (13, 14) . DNA synthesis of a strand ends when the fork collides with an incoming fork from an adjacent fired origin, which is largely a passive phenomenon (15, 16) .
The time to achieve complete DNA duplication is a complex function of the licenced origins' firing times within a replication cycle. With the emergence of powerful sequencing technologies, it is reasonable to expect that this stochastic process can be parametrized from experimental data, thereby achieving a new level of understanding. This is the question we tackle here: can the stochastic origin replication process incorporating probabilistic origin licencing and variability in origin firing times be inferred from sequencing data? We develop a Bayesian approach to fit the model of Retkute et al. (17, 18) , generating a full parametrization of origin use and firing times from Okazaki fragment (OF) sequencing data. This model has been well tested against a variety of data types (16) and accounts for both firing time variability and differential origin activation. The latter effectively subsumes origin licencing and the probability that a licenced origin matures to an active replisome in absence of passive replication by its neighbours. We follow the terminology of (17) and simply refer to this as the licencing probability.
In this study, we present a computational Bayesian algorithm to fit a mechanistic stochastic replication model to sequencing data. Applying our method to budding yeast OF sequencing data, we present examples of origins with different levels of licencing and obscuring (passive replication) from neighbouring origins, and we analyse the whole of chromosome 10. We demonstrate how, even with noisy sequencing pile-up profiles, important biological insight can be achieved. Namely we recover origin firing times and licencing probabilities along with their distributions, therefore allowing us to quantify origin interference in budding yeast. We also explore origin characteristics of the S. cerevisiae rat1-1 mutant. Rat1 is a ribo-exonuclease which participates in the transcription termination, namely in a process known as the torpedo process (19) . We show that our method is able to detect the decreased origin efficiency in this mutant compared to the WT and decompose that efficacy loss in terms of reduced licencing and increased obscuring, with the stronger effect exhibited by the latter. Finally, we also demonstrate our algorithm on human data to identify origin replication parameters.
MATERIALS AND METHODS

Model and inference algorithm
Replication of a single genome will generate OFs from one strand, giving an OF profile with constant OF density up to the replication fork, Figure 2A and B. An OF sequencing experiment is however a population average, on the scale of M > 10 6 cells, giving an averaged profile Figure 2C -F. The profile of Figure 2C corresponds to forks from fully licenced origins that terminate between neighbouring origins with negligible probability of terminating close to either neighbour. In this case there is no origin interference; between two origins the profile is only a function of their firing time distributions giving a simple tanh-like transition between the two origins. There are two factors that reduce the fork generation frequency. First, origins need to be licenced in order to fire. Secondly, as origin firing is delayed, the probability that a left-moving or right-moving fork from another origin reaching that origin before it fires increases. This is 'obscuring' from the right and left, respectively; see Supplementary Figures S1-3 for simulation examples. These two events essentially lead to the same outcome--an origin fails to generate replication forks. The jump, or step, in the profile at an origin in fact corresponds to the fraction of dividing cells where the origin produces replication forks, both of the above processes reducing this step size. Unravelling which event has occurred, and thus correctly estimating the obscuring probability and the licencing probability requires reconstruction of the firing distributions from the profile shape. These two processes, obscuring and partial licencing, can produce complex profiles as illustrated for the middle origin in Figure 2D -F and Supplementary Figures S2 and S3. We refer to an origin as strong if it has a jump of over 50%, i.e. the probability of being obscured is low and it has a high licencing probability. It is weak otherwise.
We utilize the model of (18) . The two origin version of this model was analysed in (17) , where it was shown that the origin firing time distribution could be estimated from the replication time profile, and later generalized to N-origins (18) . This model has also previously been fitted to data (16); our methods extend this model fitting, giving full estimates of all the parameters and their confidence.
For our Bayesian inference algorithm, we model the system by constructing an (approximate) forward strand (3 to 5 ) profile as an average of M single cell profiles,
where F k is a single profile, such as Figure 2A , the average being a smoothed profile because of the variability in the firing times, e.g. Figure 2C (this profile is still piece-wise constant but the steps are now 1/M so the profile looks smooth for sufficiently large M). We will use an M in the thousands as an approximation to the OF experimental profile, this being computationally tractable and sufficiently accurate. Sequencing introduces measurement noise, noise that scales with the signal, Supplementary Data S1.8, and Supplementary Figures S4 and S5, a key hall-mark of logNormal noise. We define the OF counts model for the forward strand (f, 3 -5 ) , counts X f j , and reverse strand (r, 5 -3 ), counts X r j , at (boxed) genome position j,
Here, the parameter b ∈ [0, 1] determines the relative weighting of random DNA fragments generated, for example, during the extraction process, to the OF profile signal, is the measurement noise parameter and N boxes is the number of boxed sites the genome is split into (we use boxing by 50 bp). Since replication on the reverse strand is complementary to the forward strand the replication profile on the reverse strand We use a Markov chain Monte Carlo (MCMC) algorithm to sample from the posterior probability of the parameters, i.e. the probability of the parameters conditioned on the experimental data (the posterior), Supplementary Data S1.3. Convergence was determined using a multiple chain protocol and the Gelman-Rubin statistic (20) , Supplementary Data S1.5. On simulated data the true parameter values are accurately inferred, Supplementary Data S1.6, and e.g. Supplementary Figure S8 . We use M = 4992 throughout, lower M gave discretization artefacts ( Supplementary Figure S15) . In the presented analysis we use a model that assumes the same noise and random fragmentation b (background noise) parameters on the two strands. More general models, Supplementary Data S1.9, with differing noise levels on the forward and reverse strands indicated that the forward strand is 30% noisier than the reverse, but has less contamination by random fragmentation, Supplementary Figure S6 . However, allowing for different noise levels had negligible effect on the posterior distributions of the other parameters, Supplementary Figure S6C , so this generalization was not used any further.
In our origin firing model random fragmentation parametrized by b, mixes the OF profile with a uniform profile. However, certain firing configurations lead to uniform profiles in this triple origin model; if an end origin obscures the two others the profile in the whole region O 1 O 3 is flat and equal to 0 or 1. Since this profile is indistinguishable from the background noise we prohibit these double overrun states in the inference algorithm. By estimating their frequency from the examples we analysed, they are in fact extremely rare and have negligible impact on the parameters in our examples.
Data and data processing
Data from (21) were analysed using our algorithm, first, with sets of three or four consecutive origins to demonstrate various scenarios, and secondly, for 92% of chromosome 10, chosen since the OF profiles demonstrate the highest quality across the whole genome. Origin locations are taken from (22) . Criteria for choosing the triples/quadruplets examples were that they showed good negative correlation between the two strands, and the end origins were strong, i.e. the region between two inner origins of a quadruplet is independent of forks coming from outside the analysed region.
We processed the data as follows: we aligned the raw paired-end sequencing data from (21) using bowtie2 (23) , extracting only the reads with mapping quality >10. For each pair of reads we identified the fragment spanned by the reads and a section between them (if any). We discard fragments that are shorter than 120 bp and longer than 200 bp based on the distribution of the OF length. The remaining fragments were pooled to create coverage data for each strand. For the single end sequencing data of the rat1-1 mutant (24) we aligned sequences with bowtie2 (23) and use the genome coverage tool (25) to create coverage data for each strand based on the reads alone. Pre-processed pile-up data for HeLa cells was obtained from (26) .
We processed the pile-up data as follows. For each chromosome we computed the strand bias b chr by summing up the read counts on the whole chromosome on each strand and taking their ratio
where N is the length of the chromosome (in bps), and c f i
and c r i are the read counts at position i ∈ {1, . . . , N} on the forward and reverse strands, respectively. We use b chr to correct the counts for this measurement bias on the reverse strand. Each data set was boxed by s box = 50 bp (to decrease count variance) and locally normalized by the average count
and similarly for c r i , but weighted by b chr . Here, 3 the locations of the first and third origins of our triplet. When comparing inference across overlapping triplets we normalize over four origins, i.e. normalized by n(O 1 , O 4 ). Hence, the normalized counts satisfy
RESULTS
Analysing OF sequencing data using an MCMC algorithm
Here, we use a Bayesian MCMC algorithm to analyse the OF data from two protocols: (i) S. cerevisiae OF sequencing from ligase mutants, where OFs were harvested after 2.5 h of ligase inactivation. The DNA damage checkpoint was deactivated by deleting the RAD9 gene to ensure that the S phase is completed and therefore would not affect the replication dynamics. Paired-end (WT) and single-end sequencing (rat1-1 mutant) was used.
(ii) Human OK-seq (HeLa) based on immuno-pull down and sequencing of OFs labelled with EdU. Both protocols isolate and sequence OFs, an intermediate formed during DNA replication. OF sequencing allows us to obtain the proportion of left-and right-moving forks across the genome. In our model, following (17), we assume that the licencing probability and firing times are independent of each other (1, 27) . In contrast, the models of (28) as well as the ones of (29, 30) , which use the Kolmogorov-Johnson-Mehl-Avrami model framework (31), do not have an explicit process for differential origin use except through passive replication so the differential impact of origin firing times and origin selection cannot be analysed. Models have been fitted previously to individual replication profiles to infer origin firing characteristics. In particular, (17, 18) demonstrated that firing time variability determined termination site width, directly linking the model firing time parameters to profile shape. This analysis was influential in demonstrating that stochastic firing of origins could reproduce differential origin timings, thus supporting the notion that replicon programmes with temporally regulated origin firing do not need to be present (32) . The effect of chromatin conformation on origin firing was modelled in (33) using a non-local model of DNA replication. However, a full parametrization of a stochastic replication model has not been achieved from data to date.
Our analysis, based on three neighbouring origins, demonstrates that model parameter inference can be performed locally in many cases and a whole genome analysis is not necessary. We show that our results agree with previous analysis using different methods/data (using the same model see Supplementary Table S4 , (16) , using a different model see Supplementary Table S4 , (15) Origins are assumed to be licenced to fire with probabilities q 1 , q 2 , q 3 , and when licenced have potential firing times t i that are Gaussian distributed; an incoming fork may arrive before firing (obscuring). Gaussian firing distributions were previously explored in the literature (see (18)) and we address this question in more detail in the Supplementary Data S1.7. Forks are assumed to move at the same speed and fork termination is passive through fork collision; this allows us to measure time in replicated base-pairs (rbps). In 'Discussion' section, we address the question of variable fork speed, specifically if the expected signature for speed variability is present in the data, Figure 12 and if our results are robust to speed variability, Supplementary Data S1.11.
In Supplementary Figure S17 , we demonstrate that simulated data using the inferred parameters look similar to the experimental data which justifies the use of our model.
Lack of origin obscuring in strong origin triplets: ARS717-20
Here, we provide an example of a region with strong origins exhibiting minimal obscuring as quantified by our algorithm. Namely, we analyse the two overlapping origin triplets ARS717-19 and ARS718-20 on chromosome 7 allowing comparison of inferred model parameters on their overlap, labelling the origins
The OF sequencing data in this region show clear tanh-like OF profiles on both the forward and reverse strands, Figure 3 , similar to the example in Figure 2C , suggesting that the replication forks meet between neighbouring origins for all three consecutive origin pairs.
By fitting the fork replication model the mean OF density of the sampled population can be reconstructed, effectively removing measurement noise, Figure 3A , and the fork collision point density distribution can also be inferred, Figure 3B . Stochasticity in origin licencing is reflected in the distributions of Figure 4 , and the differential firing times in Figure 3C and D. Obscuring can also decrease the probability that two origin forks meet; however obscuring amongst these origins is low, with 0.46% obscuring being the highest (median, upper/lower quartiles 0.30%, 0.68%), Figure 4 (upper panel). Quartiles are given for obscuring and licencing probabilities throughout since these distributions can be highly skewed. This low obscuring probability is in fact apparent from the shape of the fork collision distributions, which appear Gaussian--if significant obscuring was present, the collision point distributions would extend towards the obscured origin and result in fork termination distributions that are truncated Gaussians. As regards to partial licencing in the ARS717-ARS720 region the two end regions have origins that meet only 74% (median, upper/lower quartiles 73%, 76%) and 92.5% We inferred the relative firing times between the origins (when both origins are licenced), Figure 3C and D. The first immediate observation is that all these distributions are approximately centred around zero, i.e. these four origins thus all fire at similar times. A key factor in understanding the impact that the spread of the firing time difference distribution has on the profile is the distance between the origins. In this example the distance O 2 O 3 is relatively large and O 3 O 4 is small. This gives time thresholds when a fork from the neighbour reaches that origin (and obscures it), which gives a scale to the firing time distributions, Figure 3C and D (recall we measure time in terms of rbp since fork speed is constant). This confirms that obscuring is negligible amongst these four origins as the firing times are all sufficiently tight and firing times are not too disparate, Figure 3C and D. In all cases the mean firing time difference of neighbouring origins < 0.2 |N i ± 1 − N i | which is sufficient to give sharp profiles. What is surprising is that the closer origins O 3 , O 4 have a significantly tighter distribution, i.e. their firing times are closer than between the more distant origins, Table 1 . This raises a question of whether the firing time S.D. are correlated with inter-origin distances and whether any conclusions can be made about fork velocity variability based on this. We address this later in 'Discussion' section. We can also compute the probability that one origin fires before another, t i + 1 < t i , factoring out the licencing probability, Ta Figure 3B . These conclusions are consistent with the time series data of (16) , which indicate that O 3 (ARS719) and O 4 (ARS720) are strong origins, ARS720 being slightly weaker than ARS719, corresponding to our lower licencing probability q 4 Figure 3A . Thus, both analyses indicate that O 2 , O 3 are a strong pair of neighbouring origins, with two partially licenced neighbours, all firing at similar times. Because obscuring is low, the region between O 2 (ARS718) and O 3 (ARS719) can be considered almost independent of the influence of the forks coming from ARS717 and ARS720. Thus, comparisons of the inference algorithm on this region from the left and right triplets are predominantly consistent. Of note is that O 3 is not licenced 1% of the time on the left triplet, whilst on the right triplet failure to licence is near zero. This is reconciled by the fact that there is an increase in background fragmentation b by 1% in the right triple; these effects correspond to shifting the section O 2 O 3 in the OF profile up/down relative to neighbouring regions. Resolving whether this small shift in parameters is due to a normalization problem or an inadequacy of the model will require further work. Finally, we note that the origin location for ARS719 (O 3 ) seems too far to the right. However, simulation-based investigation of origin misplacement of up to 5 krbp showed the inference of firing times and licencing probabilities are robust, robustness increasing with the profile simulation size M (data not shown).
Triplets with higher obscuring rates: ARS813-18
The OF profiles in this case, Figure 5A, Figure 5C (overall obscuring of O 3 quartiles on right triple are 13, 16, 19%) . These obscuring probabilities are all significantly different than zero P < 10 −10 (using a Gaussian approximation to the obscur- ing probability distribution, fitting the mean and variance). The firing time distributions, Figure 5C , clarifies that O 2 fires earlier than the others by 25 krbp (O 1 ), and 37 krbp (O 3 , left triple analysis). Further, O 2 fires at least 84% of the time earlier than its neighbours when licenced, Supplementary Table S1 . Origin obscuring is a population phenomena, obscuring occurring in a fraction of cells due to stochasticity in the firing times. Thus, although the distances between origins O 1 O 2 and O 2 O 3 are relatively large, the firing time differences have a large variation with a S.D. of the same order as the mean difference. This results in O 2 obscuring its neighbours only in a fraction of the replicated cells. Our inference is consistent with the time series data of (16), which indicate that O 2 (ARS815) is the strongest origin and that O 3 (ARS816) and O 4 (ARS818) fire later at approximately the same time, see median replication time reconstruction in Supplementary Figure S18 .
Although reconstruction of the OF profile is practically identical on triples O 123 and O 234 , Figure 5A , there are small differences in their common parts. For instance, the triplet O 234 does not appear to contain sufficient information to unravel the obscuring events from partial licencing of O 3 ; hence their broad distributions, Supplementary Figure S20 . 
Early, poorly licenced origin: ARS207.5, ARS207.8, ARS208
In this example, the profile shows little evidence of an origin at ARS207.8 (classified as confirmed in OriDB), Figure 6A . We investigate whether our algorithm can estimate the characteristics of such weak origins. We determined that the licencing probability of the middle origin is very low (median 12%, lower/upper quartiles 11%, 13% but significantly different from zero (P < 10 −30 , using a Gaussian approximation, N(0.12, 0.01), for the q posterior distribution, Supplementary Figure S21) . Thus, the majority of the time the forks coming from O 1 (ARS 207.5) and O 3 (ARS208) collide between these two origins, Figure 6B . However, when O 2 is licenced it fires earlier than either O 1 and O 3 which fire at roughly similar times, Figure 6C , in fact earlier than both neighbouring origins at least 95% of the time, Supplementary 
Analysis of chromosome 10
We analysed most of the chromosome 10 from genome position 64 to 683 817 (92% of the chromosome). Figure 7B and Table 2 . licencing is high at >80% but not 100%, giving rise to fork terminations between non-neighbouring origins. Replication times across this region can be reconstructed from the inferred (median) time differences; since we have only time differences we do not have an absolute time scale within S-phase, so it would be natural to expect mismatch between the reconstruction obtained by using our model and the experimental data. Our reconstructed replication time is compared with the time series data in (34), Figure 8 . Here, we matched the earliest origin firing time and scaled the time by the fork speed (ν = 1.6 kb/min reported in (16)), but otherwise our reconstructed firing time profile is independent of the time series data. The reconstruction cap- tures the main features of DNA replication timing, in particular the reconstructed replication time around the early origins is excellent (recall only the time of the earliest origin is matched) but poor on some of the later replicated regions. The mismatch on the far right between ARS1019 and ARS1021 may be due to the intervening weak origin ARS1020, the time series data of (34) suggests it is active but there is no evidence of it being active in the OF profile so we have not included it in the analysis. Mismatch can also occur because the time series were only taken at 25, 30, 35, 40, 45, 50, 90 min; the time course data at 50 min indicate that the copy number has not exceeded 50% across the genome, failing to reach 50% ∼325 and 500 kbp, Supplementary Figure S33 . Thus, replication is incomplete in >50% of cells by 50 min at some locations, whilst the median replication time estimated in (34) suggests replication is more complete. Similarly in case of ARS1001-1011 (Supplementary Figure S26D ) there is some mismatch between 250 and 300 kbp, where the copy number hardly reaches 20% by 50 min. In general, the time series reconstruction across ARS1001-1011 of chromosome 10 exhibits broad termination zones and good agreement with experimental data of (34), Supplemetary Figure S26D . In the Supplementary data (Supplementary Figure S26 , Supplementary Table S3 ) we demonstrate that our algorithm works well not only in case of highly licenced noninterfering origins but also when there is a lot of obscuring present. For example there is an obscuring of ARS1007 60% of the time (O 5 ) by ARS1006 (O 4 ), 20% of ARS1007.5 (O 6 ) by ARS1008 (O 7 ), more than 30% of ARS1009 (O 8 ) by ARS1008 (O 7 ). This part of the chromosome 10 also exhibits lower licencing values. The agreement between the triplets is very good.
Overall 50% of the analysed origins on chromosome 10 are non-obscured and highly licenced origins, with average inferred value of licencing higher than 0.9, 12.5% of the origins are highly licenced and obscured from the left more frequently than from the right, 18.75% of origins are highly (34) (blue) and the median replication times derived from our inferred parameters for the region ARS1010-1021 (different colours correspond to different triplets). Locations of origins given as vertical dashed lines. 5th (pink) and 95th (black) percentiles are given as dashed lines. See Supplement S1. 13. licenced and obscured more frequently from the right than from the left, and 18.75% of origins exhibit lower values of licencing (less than 0.9 on average) and are obscured more frequently from the right than from the left (Figure 9 ).
rat1-1 inactivation reduces licencing and increases obscuring
By using a temperature-sensitive rat1-1 mutant it was demonstrated that the RNA polymerase (RNAP), when not prevented from moving through origins (by rat1-1), moves the origin in the direction of transcription. Shifts are ∼2 and 0.5 kb in the direction of transcription on the forward and reverse strands, respectively, (24), negligible for our analysis relative to the distance between origins. The OF profile shows distinct changes indicating that origin efficiency is reduced by collision with the RNAP. Here, we analysed this loss of efficiency in terms of the origin licencing probability and its probability of being obscured. We examined chromosome 10 (336 976 to 683 817 bp, excluding the first weak origin ARS1010) where both the WT and the rat1-1 inactivation strain data were good. As with the previous data Nucleic Acids Research, 2019, Vol. 47 Figure 10D . This dual effect of increased obscuring and loss of licencing was seen across the extended region of chromosome 10, see ARS1015-19 in Supplementary Figures S27 and S28. Profiles and fork termination distributions are shown for chromosome 10 in Supplementary Figure S29 , demonstrating the flatter profiles under rat1-1 inactivation, and broader termination distributions. Agreement of the analysis between overlapping origins was poorer than in the other data set. On these six origins (pooling results across different triple analyses), obscuring was the greater effect, increasing by 4% (median) under rat1-1 inactivation, whilst licencing decreased by 0.05% on average. Origin variation was however large with S.D. of 20% for obscuring and 23% for licencing. We also observed that the rat1-1 inactivation data exhibited higher background noise b than the WT, Supplementary Figure S30 . This background represents random fragmentation, so it is unclear why this should be the case.
A region with minimal origin obscuring and strong origins in human cells
The position of DNA replication origins in the human genome is determined by a number of factors and unlike S. cerevisiae the question of sequence specificity of origins still remains unresolved (35) . Although our algorithm requires that origin positions are specified, it can still be applied to human data when coupled with a origin location algorithm. Using data from (26) (OK-seq) we analysed a region between 98.25 and 99.3 Mb on chromosome 2 of the HeLa cell profiles.
We used the abrupt drop in OF counts at origins to identify origin locations. CUSUM statistics is a standard tool to detect abrupt changes in the behaviour of a sample (36) . Figure 11 . Our analysis indicates that the 4 origins are all highly licenced with zero, or near zero obscuring rates, the maximum obscuring probability is 0.6% (median, upper/lower quartiles 0.5%, 0.7%) for origin O 3 obscured from the right, whilst the lowest mean licencing probability is 80.5% (median, upper/lower quartiles 80%, 81%) for origin O 4 . The parameters inferred from the left and right triplets demonstrated a very good accordance with each other. The distributions of firing time differences inferred from right and left triplet analysis are almost indistinguishable from one another and indicate that the O 2 and O 3 fire at approximately the same time ( Figure 11C, left Analogous to previous sections, we also performed analysis of median replication times, Figure 11D , right. In previous studies of the human genome (37, 38) results on the median and mean replication times were obtained experimentally, so we compared our inferred replication times with those in (37) . In our analysis, we used the fork velocity value of 3.3 kb min -1 which is consistent with (37) for that region. The region between origins O 2 and O 3 agrees very well with the analysis shown in the Supplementary data of (37) . The range of the median replication times in this region is exactly the same, between 4 and 5 h. Moreover, our analysis also reproduced two local minima in this region which are present in (37) as well. The remaining regions demonstrate poorer agreement with the experimental profiles, although the latter are still within 5-95th percentile of the data and general trends are still there. The mismatch could be caused by a number of reasons. In addition to the ones discussed in section 'Analysis of chromosome 10' and the increased complexity of the organism we are dealing with, this is possibly due to a fact that a number of low-efficiency origins which were not strong enough to be detected by a changepoint analysis of the OF data were not taken into account, which was also reported as a potential problem in (26) . The general patterns, however, of the experimental and inferred profiles are similar. In summary, we demonstrate that our algorithm can be used to analyse origin characteristics in human cells.
DISCUSSION
We have developed a unique Bayesian analysis methodology for Next Generation Sequencing (NGS) data, directly fitting a generative model to the pile-up data. Our model is stochastic, reflecting population stochasticity of DNA replication; thus, we quantify not only mean population behaviour, but also the sources of biological variability and measurement noise. Our MCMC algorithm tackled two analysis challenges, the first is the statistical tractability of the model (having an intractable likelihood), which we solved by using a suitable approximation; and second, the model dimension varies depending on the number of origins with realized forks, a manifestation of origin interference. This was dealt with through a reversible jump algorithm (39) . Our algorithm achieves robust parameter inference in yeast and human data, across different sequencing procedures, using only information from origin triples and not from the whole chromosome.
Our origin firing analysis in S. cerevisiae demonstrated that obscuring and partial origin licencing can be distinguished. We provide examples of a triplet of origins with and without origin obscuring, Figures 3, 5 respectively, and partial licencing Figure 6 . In general however, both origin obscuring and partial licencing may be present to varying degrees underpinning origin flexibility. Our analysis of chromosome 10 demonstrated that firing time trends across larger regions can be reconstructed, indicating that region 375-684 kb is dominated by strong origins with negligible obscuring whilst the licencing probability of some origins can be as low as 87%. The region 64-300 kb contains origins with higher obscuring rates, including examples with over 50% obscuring, and lower licencing, at times below 80%. Our inferred origin characteristics can be compared to previous fits of this model ((15,16) based on maximumlikelihood methods therefore giving point estimates only) and to independent time series data (34) . Our analysis very much accords with previous fits as regards to origin efficiency, Supplementary Table S4 , and reconstruction of median replication time is excellent across triples, Supplementary Figure S18 and extended regions, Figure 8 , Supplementary Figure S26D . Example 'Early, poorly licenced origin: ARS207.5, ARS207.8, ARS208' is particularly illuminating, as it in fact discriminates the processes of licencing and firing. Under the MCM loading model, (28) , licencing involves loading of MCMs to the origin, whilst the greater number of loaded MCMs the earlier the firing. This directly links licencing efficiency with (earlier) firing time. However, we have an example of an origin that has poor licencing (on the MCM model this would indicate low MCM loading efficiency), but it fires early when licenced (on the MCM model this would indicate a high MCM load). In our model, licencing denotes all processes that are required such that the origin can fire in that replication cycle, and would do so if obscuring from neighbours is prevented. Further analysis is required to both ascertain the link between licencing (MCM loading) and this firing capacity, and determine if this is an isolated example.
Our analysis of rat1-1 inactivation data (a temperature sensitive mutant) demonstrates that our model is able to unravel subtle phenotypes, decomposing the observed reduction of the origin firing efficiency into an increase in obscuring and loss of licencing. Our analysis, albeit on seven origins, indicates that obscuring causes a greater loss in efficiency, however effects were diverse across our sample of origins indicative of origin-specific dependence. This suggests that the mechanisms that control origin firing are degraded under loss of rat1-1, in particular, there is a substantial increase in firing time widths of origins coupled with a loss of licencing, both effects result in an increase in the stochasticity of origin firing. Thus, origins predominantly retain licencing indicating that MCM proteins remain bound (sufficient for licencing) consistent with the in vitro data of (24) . The small shift in origin (MCM) locations may explain these effects through shifting MCMs from activating factors, such as FKH-Dbf4.
The source of noise is an important aspect of modeldependent data analysis. We assumed firing time variability, origin licencing and measurement noise dominate, whilst fork speed variability has negligible impact on the OF profile data. A key question is if fork progression adds significant noise; if this was the case it would impart a relationship whereby the S.D. of the firing time difference would increase with distance between origins. Analysis of the time difference variability with distance between neighbours shows that there is no correlation between firing time difference S.D. and origin separation, (r = 0.29, P = 0.13), suggesting that fork speed variability is negligible, Figure 12 . Also, clustering of the firing time difference variability by chromosome is significant (P < 0.0001), suggesting that origin firing time variability has a chromosomal dependence.
Our analysis of overlapping triplets typically resulted in good accordance between the inferred parameters. Specifically, we show that in cases when no replication forks come from outside the origin triple our model works very well and does not require information from the whole chromosome. One possible generalization of our algorithm is to extend it to analyse higher numbers of consecutive origins in order to allow for origin interference over greater distances.
Given the variety of technologies that can be used to study DNA replication, the integration of data sets into a single analysis is a natural step forward. Bayesian techniques, as used here, enable this. The first step in this direction would be the integration of the temporal data of (16) with the OF profile data (21) , and/or polymerase strand specificity data (40) (41) (42) . Data integration will enable the power of different techniques to be used to construct a fuller picture, potentially leading to a predictive model. Another potential avenue of development is single cell sequencing which would allow cell variability to be included into the models, for instance origin activation levels may vary between cells, potentially being an important contribution to population stochasticity. Analysis of organisms where origin location is only partially known (35) ideally requires origin location to also be inferred within the Bayesian analysis, to correctly allow for the effect of location error on the other parameters. Finally, the methodology we deploy is very general, and could be extended to the inference of a range of mechanistic problems from sequencing data.
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